Parkinson's disease is the second most common neurological disease and affects about 1% of persons over the age of 60 years. Due to the lack of approved surrogate markers, confirmation of the disease still requires postmortem examination. Identifying and validating biomarkers are essential steps toward improving clinical diagnosis and accelerating the search for therapeutic drugs to ameliorate disease symptoms. Until recently, statistical analysis of multicohort longitudinal studies of neurodegenerative diseases has usually been restricted to a single analysis per outcome with simple comparisons between diagnostic groups. However, an important methodological consideration is to allow the modeling framework to handle multiple outcomes simultaneously and consider the transitions between diagnostic groups. This enables researchers to monitor multiple trajectories, correctly account for the correlation among biomarkers, and assess how these associations may jointly change over the long-term course of disease. In this study, we apply a latent time joint mixed-effects model to study biomarker progression and disease dynamics in the Parkinson's Progression Markers Initiative (PPMI) and examine which markers might be most informative in the earliest phases of disease. The results reveal that, even though diagnostic category was not included in the model, it seems to accurately reflect the temporal ordering of the disease state consistent with diagnosis categorization at baseline. In addition, results indicated that the specific binding ratio on striatum and the total Unified Parkinson's Disease Rating Scale (UPDRS) show high discriminability between disease stages. An extended latent time joint mixed-effects model with heterogeneous latent time variance also showed improvement in model fit in a simulation study and when applied to real data.
Introduction
Parkinson's disease (PD) affects nearly 1% of persons over the age of 60 years. Degeneration and death of neurons in the substantia nigra of the brain occurs much ear-DOI: 10.1159/000488780 lier than the onset of motor symptoms such as slow movement, tremor, and rigidity. Disease progression is characterized by the transition from normal, through preclinical, to clinical stages of the disease. Confirmation of the disease is only possible through an autopsy. The presence of nonmotor symptoms such as olfactory, sleep, and depression help classify patients as prodromal since there is currently no available surrogate marker to confirm disease diagnosis. Currently, the FDA approves DaTSCAN, a specialized imaging technique of the brain that measures levels of dopamine in the substantia nigra, to evaluate suspected PD. Nonetheless, diagnosis of the onset and progression of the disease is often marred by errors due to the unavailability of reliable validated diagnostic markers. Identifying and validating biomarkers are crucial steps in clinical diagnosis and the search for treatment to ameliorate disease symptoms and slow down the progression of PD. Reliable and cost-effective biomarkers for the diagnosis of neurodegenerative diseases are more likely to be discovered if multiple clinical, biological, and imaging assessments are studied simultaneously to provide complementary information.
In studies of neurodegenerative diseases such as PD, clinical, biological, and imaging biomarkers are often collected longitudinally over a short period of time on individuals at different stages of disease. Such studies are aimed at accurately characterizing disease trajectories and identifying important diagnosis and prognosis biomarkers, and ultimately help to accelerate drug discovery. Although studies generally collect multiple outcomes over time, it is very common to find studies where researchers focus on the analysis of changes in a single outcome. In this regard, the linear mixed-effects model is ubiquitous in studies of neurodegenerative diseases. For example, Kennedy et al. [1] applied linear mixed-effects models to estimate the rate of decline of Alzheimer's Disease Assessment Scale Cognitive score (ADASCog) among Alzheimer's disease patients based on the MiniMental State Examination (MMSE). Guerrero et al. [2] reported studies which employ mixed-effects models for the analysis of longitudinal Alzheimer's disease markers. Mixed-effects models are also commonly applied in the PD literature. Sturkenboom et al. [3] assessed the effect of occupational therapy on the Canadian Occupational Performance Measure in improving the daily activity of PD patients. Klotsche et al. [4] analyzed changes in healthrelated quality of life in a longitudinal cohort study of PD patients. Analysis of single longitudinal outcomes can be inefficient for studying the progression of the disease since outcomes may be correlated and hence may provide complementary insights. Single-outcome analyses may also contribute to the lack of strong evidence of symptomatic or disease-modifying treatment effects on clinical outcomes. Inference may be improved if all outcomes are modeled simultaneously, taking into account the intraand inter-subject variability and accommodating between outcome associations.
Joint models that simultaneously model 2 or more outcomes have received relatively less attention in the neurodegenerative disease literature. This neglect is likely due to problems in interpretation of resulting parameter estimates, or to the computational complexities that arise when the number of outcomes grows or when the outcomes are of mixed types, such as binary, count, continuous, or time-to-event. Moreover, in most studies which do employ multivariate models, only 2 outcomes are modeled at a time [5, 6] . Nevertheless, the multivariate modeling framework offers several potential advantages, such as accommodating all sources of variation and correlation among outcomes. With the rapid emergence and growing popularity of Bayesian estimation methods to handle complex and computationally burdensome models, multivariate modeling techniques have become an active area of research in neurodegenerative studies. Luo and He [7] analyzed longitudinal outcomes and a timeto-event outcome to assess the effect of tocopherol on patients with early PD using a Bayesian Markov Chain Monte Carlo (MCMC) method for the efficient estimation of model parameters. Their modeling framework applied a multilevel item response theory model for multiple longitudinal outcomes and a Cox proportional hazard model for the survival outcome. They demonstrated that their joint model led to a better fit to their data than single analyses per outcome. Luo [8] provides an excellent review of recent developments and issues of joint modeling of longitudinal and survival data. Li et al. [9] proposed a latent time joint mixed-effects model (LTJMM), an extension of the multivariate linear mixed-effects model for longitudinal data, which accommodates a large number of outcomes to be analyzed together and permits unbalanced time measurement of outcomes. A distinctive feature of this model is the inclusion of a latent time shift parameter, which captures the degree of an individual's disease progression. The subject-specific latent times shared across outcomes are assumed to have a homogeneous variance across all subjects.
In this study, we extended the LTJMM by relaxing the homogeneity assumption on the latent times. Heterogeneity was introduced by allowing the latent time to be influenced by subject-level covariates. To achieve this, we modeled the latent time variance in terms of covariates through an exponential function. The heterogeneous LTJMM was used to estimate trajectories of biomarkers and determine the sequence of biomarker abnormality using data from the Parkinson's Progression Markers Initiative (PPMI) study. Estimation of model parameters was via a Bayesian MCMC framework.
Materials and Methods

Data
The PPMI is a prospective multicenter study of patients at different stages of PD with healthy patients as controls. Roughly 35 centers across North America, Europe, Israel, and Australia are involved in this ongoing study that has collected data over a period of 6 years. All study sites received institutional review board approval before initiating the study, and all study participants provided written informed consent for research. Detailed study design, inclusion criteria, standard protocols, registration, and consent procedures can be found on the study website (www. ppmi-info.org). The study is aimed at identifying novel clinical, imaging, and biological markers of PD and to assess their progression in patients. Discovery and validation of new biomarkers would be beneficial for use in clinical trials of disease-modifying drugs. Patients are classified by their disease stage, namely, healthy controls (HC), PD, scan without evidence of dopaminergic deficit, prodromal, genetic cohort, and genetic registry patients. The genetic cohort and registry subjects may or may not be affected with Parkinson's symptoms. The steps involved in diagnosing and classifying participants into disease categories are reported in the PPMI study protocol.
In this study, we focused on subjects in the HC, PD, and prodromal groups. There were 475 PD, 238 HC, and 187 prodromal individuals representing 52.78, 26.44, and 20.78% of the sample, respectively. Of these participants, 317 (35.22%) were female and 583 (64.78%) were male. The proportion of females in the HC, PD, and prodromal groups was 34.87, 35.58, and 34.76% respectively. Visit times were not balanced, as the schedule of assessments depended on the group. HC were followed every 6 months for the first year and every 12 months thereafter. Before the first 12 months, PD and prodromal patients were followed every 3 months and every 6 months thereafter.
We considered 17 outcomes and modeled 8 of them using age and gender as covariates. Clinical assessments included tremor, postural instability and gait difficulty (PIGD), REM One hundred simulated data sets were generated under model LTJMM (independent random effects). Both LTJMM-H (heterogeneity in the latent time) and LTJMM models with correlated random effects were fit to all simulated data sets. The best performance was determined by the lowest WAIC and LOOIC between the two models for each data and summarized as "% best" over the 100 simulations. Bias and 95% coverage probabilities are also reported for each parameter.
DOI: 10.1159/000488780 and CSF total tau (t-tau). These outcomes have long been known to be associated with the development and progression of PD. We also included DaTSCAN summaries of the striatum.
Statistical Methods
We employed the LTJMM to assess the relationship between CSF measures, imaging biomarkers, and the clinical outcomes and further explored its use to study progression among diagnostic groups. The LTJMM allows for multiple outcomes, measured longitudinally for each patient potentially at different visit times. Suppose y ijk represents the outcome k (k = 1, 2, …, p) observed at time j (j = 1,…, q) for each individual, i (i = 1, 2,…, n), t ij is the time of measurement, and x ijk is a set of covariates for the ith individual at time j. The model is given by
where β k and y k are coefficients corresponding to covariates and time, respectively, α 0ik and α 1ik are subject-specific random intercept and slope components specific to each outcome and assumed to follow a multivariate normal distribution with mean 0 and variance-covariance matrix, D. A random or "latent" time shift, δ i , specific to each subject but shared across all outcomes is introduced to quantify the disease progression of an individual relative to the population. The δ i are assumed to follow a normal distribution with mean 0 and variance σ 2 δ . Finally, the independent random error term ε ijk is assumed to follow a normal distribution with mean 0 and variance σ 2 . Additionally, δ i is assumed to be independent of the subject-specific random effects and the pure random errors. However, the subject-specific random intercepts and slopes are allowed to be correlated to reflect the dependence among outcomes. Heterogeneity in the latent time (LTJMM-H) is introduced by modeling σ 2 δ as follows:
where Z i represents a set of covariates for individual assumed to be a subset of X i and τ is a vector of parameters corresponding to the covariates. With this, we have allowed the variability of the latent time to vary across subjects.
To efficiently estimate the model parameters, an MCMC approach was adopted. We assign a weakly informative normal prior with zero mean and variance 100 on the regression and y k parameters. For the variance components of the time shift and random error term, a weakly informative half-Cauchy (0, 2.5) distribution was imposed. For the subject-specific random effects, the variance-covariance matrix was first decomposed into variance and correlation components. A Cholesky decomposition was then applied to the correlation matrix to ensure efficiency and stability. A half-Cauchy (0, 25) prior was placed on the variance part and the LKJ prior on the correlation matrix as recommended by Lewandowski et al. [10] . To ensure identifiability of the model, we constrained the random intercepts for each subject to sum to zero (i.e., Σ p k = 1 α 0ik = 0).
Simulation Study
A limited simulation study was conducted to study the effect of assuming a homogeneous latent time variance when in fact there is between-subject variation in latent time variance. We generated data from the LTJMM-H model with uncorrelated random effects as follows:
, α 0ik , and α 1ik are random intercept and slope, respectively, and assumed to be independent. Further,
. The sample size was set to 100 with each individual time, t ijk ∼ Uniform(0, 6).
Simulation parameters were set by fitting the LTJMM model to 5 of the original outcomes in the PPMI study. Heterogeneity was introduced by allowing a small effect of x 1i and x 2i in the submodel. Actual parameter values for both fixed effects and variance components can be seen in Table 1 . We then simulated 100 datasets and fitted both the LTJMM and the LTJMM-H with correlated random effects to the data. To apply the MCMC algorithm, we specified two Markov chains, each run for 2,000 iterations including 1,000 warm-up iterations, which were discarded. Simulation results are presented in Table 1 . Both models consistently estimated fixed parameters, variance parameters of the random effects, and the random error with high coverage probability. However, the LTJMM performed poorly in the estimation of the latent time variance resulting in severe bias and zero coverage probability for the true parameters. Also, the LTJMM-H model resulted in lower widely applicable information criterion (WAIC) and leave-one-out cross-validation information criterion (LOOIC) values in many of our simulations, demonstrating better model fit compared to LTJMM. Table 2 summarizes patient characteristics and outcomes at baseline in the PPMI dataset. Using ANOVA, the diagnostic groups at baseline yielded a significant dif- To compare outcomes on a common scale, raw scores were transformed into percentiles using a weighted empirical cumulative distribution function. The inverse of the sample proportion of diagnostic category for each outcome was used as weights. Table 3 shows percentile scores corresponding to selected percentile ranks. Figure  1a shows the box plot of the percentile ranks, representing disease severity, for each outcome in each of the three diagnostic categories. From this figure, we observe broad variation in percentile ranks of the outcomes for each disease group. There were outlying observations, particularly for the motor outcomes, tremor, PIGD, and UPDRS total and olfactory measures indexed by UPSIT. The median ranks differ among diagnostic groups and were lowest in the HC group. The Spearman rank correlations be- tween outcomes are displayed in a heat map in Figure 1b . Total tau was highly correlated with CSF α-synuclein (r = 0.74). PIGD was also strongly associated with UPDRS total (r = 0.71). Generally, motor outcomes were highly correlated. CSF biomarkers were also generally correlated with each other but weakly associated with clinical outcomes. A cognitive outcome, MOCA, was moderately positively correlated with verbal working memory assessment indexed by the HVLT (r = 0.53), and depression (GDS) was moderately correlated with anxiety (STAI) with r = 0.62. Figure 2 displays the individual profiles for each outcome for 50 randomly selected participants. Tremor, PIGD, UPDRS total, MOCA, specific binding ratio (SBR) on striatum, GDS, and STAI were first measured prior to baseline (at screening). For all participants, the UPSIT score was taken only at baseline because it does not change with disease progression. While there was considerable variation between patients, individual trajectories also appear to show a slight progression (increase) over time. Figure 1a demonstrates that some of the outcomes more clearly distinguished between HC and PD than others. These measures were likely to carry more information related to latent time. Hence, our statistical analysis was limited to 8 of these outcomes, namely, PIGD, SBR striatum, SCOPA, tremor, UPDRS, UPSIT, CSF α-synuclein and REM sleep behavior disorder. An analysis with all 17 outcomes is included in the online supplementary Appendix (for all online suppl. material, see www.karger.com/doi/10.1159/000488780). We analyzed the data using the model described in section 3 with three Markov chains, each run for 8,000 iterations, including a warm-up of 4,000 iterations, which was discarded. The LTJMM and the proposed LTJMM-H were implemented and the best model was selected according to two model selection criteria, the WAIC and the LOOIC. Posterior means with corresponding 95% posterior credible intervals are reported in Table 4 for the selected model. Figure 3 shows the density plot of estimated random latent time shifts by diagnostic categories. Although diagnostic category was not included in the model, the model seemed to accurately reveal the temporal ordering of disease state consistent with the diagnosis groups and biology of PD. The distribution of latent time overlapped much more between the HC and prodromal groups compared to the HC and PD groups. This was not surprising since HC shared some nonmotor features (sleep disturbances, constipation, olfactory deficits, depression) with both prodromal and PD, but HC shared fewer features with PD than prodromal. Thus, the latent time shift estimates provided a continuous alternative to diagnosis, which was objectively derived from a comprehensive joint model of longitudinal measures of disease progression [9] . Comparing results from the two sets of outcomes, Table 4 and online supplementary Table A .1 show that the model was generally robust to the inclusion of less informative outcome measures, but density plots, in Figure 3 and online supplementary Figure A. 1, show that latent time was more successful in parsing out the diagnosis groups when the less informative outcomes were omitted. Figure 4 (and online suppl. Fig. A. 2 for all outcomes) shows the correlation of random slopes between pairs of outcomes. Consistent with the observed correlation matrix in Figure 1b , we observed that the slopes for PIGD were correlated with UPDRS total. Similarly, GDS short and STAI showed moderate association. In general, we observed that the biological markers shared a stronger pair-wise association compared to their association with clinical markers. Figure 5 shows the subject-level predicted severity versus age for 10 randomly selected participants. The model reasonably predicted the trend and direction of individual trajectories, albeit with some variation. For subjects with more time points, the predicted trajectories appeared to perform better, with some reduction in the difference between the observed and predicted trajectories compared to subjects with fewer time points. Placed side-by-side in Figure 6a and b are the observed and predicted subject-level trajectories against age. The two sets of trajectories appeared similar, giving an indication that the model was predicting reasonably well. In addition, SBR striatum and total UPDRS in Figure 6a and b clearly showed the discriminability of these measures between disease stages in the observed and predicted trajectories. Figure 7 displays the average long-term population trajectories for females with progressive disease. To generate these plots, it was necessary to "calibrate" the independent variables age and latent time by assigning the latent time for any given age. For the purposes of these plots, we assumed the estimated median latent time among HC (-13 years) at the average age for the entire sample (61 years). This figure indicates that PIGD and tremor reached the 50th percentile later in the disease progression compared to UPDRS, which occurred much earlier.
Analysis of PPMI
Exploratory Analysis
Statistical Analysis
We also fitted the model treating the UPDRS subtests I, II, and III as separate outcomes (see online suppl. Fig. A.3b) . We found that UPDRS I (mental) reached the 50th percentile level first on average, followed by UPDRS III (motor) and II (activities of daily living) in close succession. Due to the strong gender effect, as can be observed from the table of estimates, a similar plot for males will position SCOPA differently in the ordering (see Fig. 8 ). Figure 8 , a positional variance diagram, shows the estimated variation in the ordering of marker abnormalities for females and males. Figure 7 horizontally at the 50th percentile and observing the order of markers as they appear from left to right. We used the posterior distribution to evaluate the uncertainty in these estimated orderings. For each draw from the posterior distribution, we generated curves similar to Figure 7 and sliced horizontally at the 50th percentile to determine the ordering of marker abnormalities for that posterior sample. The diagram represents the distribution (proportion of MCMC samples) of the outcome orderings. The bolder the color of the cell, the higher the certainty of the ordering for that outcome. In Figure 9 , we display the positional diagram based on subject-level predictions. For each subject in the sample, we ordered the outcomes based on the age at which the 50th percentile of the outcome is attained. As one might expect, there was greater variation in the orderings from subject to subject (Fig. 9 ) compared to the average ordering for the sample (Fig. 8 ).
Discussion
In this paper, we applied a joint mixed-effects model with latent time to analyze the various stages of PD included in the PPMI study. We found that although diagnostic category was not included in the model, it seems to accurately reveal the temporal ordering of disease state consistent with diagnosis categorization at baseline. In other words, the distribution of the estimates of the latent time reflected the subjective assessment of patient disease status at baseline.
In addition, the association between estimated random effects revealed that biological markers share a stronger pair-wise association but a weaker association with clinical markers. The biomarkers not being very informative (greater variance and lower signal-to-noise ratio) probably explains this weak association with clinical outcomes. It is worth mentioning that the role of β-amyloid and tau protein as biomarkers in PD is not well established, but a number of publications report altered CSF Aβ1-42, total tau, or p-tau in patients with PD with or without dementia compared with HC [11] . Clinical markers also tend to be correlated among each other, with PIGD and total UPDRS, and GDS short and STAI sharing strong to moderate associations. Inspection of observed and predicted severity shows that SBR striatum and total UPDRS can provide better discrimination between disease stages. Long-term population-level trajectories were also derived from the proposed model. The results indicated late manifestation of PIGD and tremor but earlier total SCOPA and total UPDRS abnormalities. The SCOPA and UPDRS include nonmotor features that appear at prodromal disease stages (earlier in the course of the illness). The positional variance diagram provided an ordering consistent with that from the population trajectories. Similar trajectories can be obtained for any subgroup of the population with ease using our modeling approach. It should be kept in mind that the data used to develop the models are restricted to short-term follow-up after enrollment (median < 4 years), which might limit predictive accuracy when evaluated over longer periods of disease progression.
We also demonstrated through a limited simulation study that allowing heterogeneity in the variance of latent time can improve LTJMM fit. The variance of the latent time was modeled in terms of observed baseline covariates. Particularly, the simulation indicated that estimation of parameters is consistent with the LTJMM model except that the between-subject latent time variance is severely biased. Given the importance of the subject-specific latent time as a data-driven alternative to categorical disease status, it is critical that the latent time variance is accurately estimated. Violation of the homogeneous latent time can, therefore, be detrimental. We encourage the exploration of different submodels to determine which baseline covariates are significant in explaining the between-subject latent time variation. In the application of the two models to the PPMI study, both WAIC and LOOIC favored the extended LTJMM model with heterogeneous latent time. 
